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Abstract

We addressthe problem of sggmenting3D scan data
into objectsor objectclassesOur sggmentatiorframevork
is basedon a subclassof Markov RandomFields (MRFs)
which supportefcient graph-cutinference TheMRF mod-
elsincorporate a large setof diversefeatuesand enforce
theprefeencethatadjacentscanpointshavethesameclas-
si cation label. We use a recently proposedmaximum-
maurgin framewvork to discriminativelytrain the modelfrom
a setof labeledscans;as a resultwe automaticallylearn
therelativeimportanceof thefeatuesfor the sgmentation
task. Performing graph-cutinferencein the trained MRF
canthenbeusedto sggmentnew sceneveryefciently. We
testour appmacd onthreelarge-scaledatasetgproducedy
different kinds of 3D sensos, showingits applicability to
both outdoorand indoor ervironmentscontainingdiverse
objects.

1. Intr oduction

Rangescannerfiave becomestandarcequipmentn mo-
bile robotics,makingthetaskof 3D scansggmentatiorone
of increasingpracticalrelevance. Given the setof points
(or surfaces)in 3D acquiredby a rangescannerthe goal
of segmentationis to attribute the acquiredpointsto a set
of candidateobjectsor object classes. The sggmentation
capabilityis essentiafor sceneunderstandingandcanbe
utilized for scanregistrationandrobotlocalization.

Muchwork in vision hasbheendevotedto the problemof
segmentingandidentifying objectsin 2D imagedata. The
3D problemis easierin someways, asit circumventsthe
ambiguitiesnducedby the 3D-to-2D projection,but is also
hardembecausé lackscolorcuesanddealswith datawhich
is oftennoisyandsparse.The 3D scansegmentatiorprob-
lem hasbeenaddressegrimarily in the contet of detect-
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ing known rigid objectsfor which reliable featurescanbe
extracted(e.g.,[11, 5]). Themoredif cult taskof sgment-
ing out objectclasse®r deformableobjectsfrom 3D scans
requiresthe ability to handlepreviously unseerobjectin-

stance®r con gurations. This is still an openproblemin

computervision, wheremary approachesissumehat the
scanshave beenalreadysegmentednto objects[10, 6].

An object sggmentationalgorithm should possesser-
eralimportantpropertiesFirst, it shouldbeableto take ad-
vantageof several qualitatively differentkinds of features.
For example treesmayrequirevery differentfeaturesfrom
cars,andgroundcanbedetecteagimply basedna“height”
feature.As thenumberof featuregrows, it becomesmpor-
tantto learnhow to tradethemoff automatically Second,
somepointscanlie in generic-lookingor sparselysampled
regions,but we shouldbe ableto infer theirlabelby enforc-
ing spatialcontiguity, exploiting thefactthatadjacenpoints
in thescandendto have similarlabels.Third, thealgorithm
shouldadaptto the particular3D scanneused sincediffer-
entscannerproducequalitatively differentinputs. This is
particularly relevant, becauseeal-world scanscanviolate
standardassumptionsnadein syntheticdatausedto evalu-
ateseggmentatioralgorithms(e.g.,[5, 10)).

In this paperwe presenta learning-basedpproachfor
scenesggmentationwhich satis esall of the propertiede-
scribedabore. OurapproachutilizesaMarkov randomeld
(MRF) over scanpointsin a sceneto labeleachpoint with
oneof somesetof classlabels;thesdabelscanincludedif-
ferentobjecttypesaswell asbackground We alsoassume
that, in our datasetadjacentpointsin spaceare connected
by links. Theselinks canbe providedeitherby the scanner
(whenit produces3D meshes)pr introducedby connect-
ing neighboringpointsin the scan. The MRF usesa setof
pre-speci edfeaturesof scanpoints(e.g.,spinimageg11]
or heightof thepoint)to provide evidenceontheirlik ely la-
bels.Thelinks areusedto relatethelabelsof nearbypoints,



therebyimposinga preferencdor spatialcontiguity of the
labels;the strengthof theselinks canalsodependon fea-
tures(e.g., distancebetweerthe linked points). We usea
subclas®f MRFsthatallow effectiveinferenceusinggraph
cuts[13], yet canenforceour spatialcontiguity preference.

Our algorithm consistsof a learningphaseand a seg-
mentationphase.In the learningphasewe are provided a
setof scenesacquiredby a 3D scanner The scenepoints
are labeledwith an appropriateclassor objectlabel. The
goal of the learningalgorithmis to nd a goodsetof fea-
tureweights.We usea maximum-maginlearningapproach
which nds theoptimaltradeof betweerthenodeandedge
featureswhich inducethe MRF-basedsegmentatioralgo-
rithm to matchthe training setlabels[21]. This learning
procedure nds the globally optimal (or nearly optimal)
weightsandcanbeimplementecef ciently .

In the sgmentatiorphasewe needto classifythe points
of a new scene. We computethe relevant point and edge
featuresandrun the graph-cutalgorithmwith the weights
provided by the learningphase. The inferenceprocedure
performsjoint classi cation of the scanpoints while en-
forcing spatialcontiguity. The algorithmis very ef cient,
scalingto scenesnvolving millions of points. It produces
the optimal solutionfor binary classi cation problemsand
a solutionwithin a fraction of the optimal for multi-class
problemq12].

We demonstrat¢he approacton two real-world datasets
andone computersimulateddataset. Thesedatasetsspan
bothindoorandoutdoorscenesanda diversesetof object
classes.They were acquiredusing differentscannersand
have very differentproperties.We shaw thatour algorithm
performswell for all threedatasets,illustratingits applica-
bility in abroadrangeof settingsrequiringdifferentfeature
sets.Ourresultsdemonstrat¢he ability of ouralgorithmto
delwith signi cant occlusionandscannenoise.

2. Previous work

Theproblemof segmentingandclassifyingobjectsin 2D
sceness arguablythe coreproblemin machinevision, and
hasreceved considerablattention. The existing work on
the problemin the context of 3D scandatacanlargely be
classi edinto threegroups.

The rst class of methodsdetectsknown objectsin
the scene. Such approachescenter on computing ef -
cient descriptorsof the object shapeat selectedsurface
points[11, 7, 5. However, they usually requirethat the
descriptorparametersare speci ed by hand. Detection
ofteninvolvesinef cient nearest-neighbosearchin high-
dimensionakpace.While mostapproachesaddressietec-
tion of rigid objects,detectionof nonrigid objectshasalso
beendemonstratefiL8].

Another line of work performs classi cation of 3D

shapesSomemethodgparticularlythoseusedfor retrieval
of 3D modelsfrom large databases)ise global shapede-
scriptors[6, 17], which require that a completesurface
model of the query objectis available. Objectscan also
beclassi edby looking at salientpartsof theobjectsurface
[10, 19]. All mentionedapproacheassumehatthesurface
hasalreadybeenpre-sgmentedrom thescene.

Another setof approachesggment3D scansinto a set
of prede ned parametricshapes.Han et al. [9] presenta
methodbasedor sgmenting3D imagesinto 5 parametric
modelssuchasplanar conicandB-splinesurfaces.Unlike
theirapproachoursis aimedatlearningto segmentthedata
directlyinto objectsor classe®f objects. Theparametersf
our modelaretrainedon examplescontainingthe objects,
while Hanetal. assume pre-speci edgeneratie model.

Our segmentationapproachis most closely relatedto
work in vision applying conditionalrandom elds (CRFs)
to 2D images. Discriminatve modelssuchas CRFs[15]
are a naturalway to model correlationsbetweenclassi -
cationlabelsY givena scanX asinput. CRFsdirectly
model the conditionaldistribution P(Y j X). In classi-
cation tasks,CRFshave beenshovn to produceresults
superiorto generatre approachesvhich expendefforts to
model the potentially more complicatedjoint distribution
P(X;Y) [15]. Very recently CRFshave beenapplied
for imagesementation.Kumaret al. [14] train CRFsus-
ing a pseudo-lilkelihood approximationto the distribution
P(Y j X) sinceestimatingthe true conditional distribu-
tion is intractable. Unlike their work, we optimize a dif-
ferent objective called the mamgin, basedon supportvec-
tor machined3]. Ourlearningformulationprovidesan ex-
actandtractableoptimizationalgorithm,aswell asformal
guarantee$or binary classi cationproblems.Unlike their
work, our approacttanalsohandlemulti-classproblemsn
astraightfornardmanner In averyrecentwork, Torralbaet
al. [23] proposeboostingrandom elds for imagesegmen-
tation, combiningideasfrom boostingand CRFs. Similar
to our approachthey optimize the classi cation mamgin.
However, theirimplementationis speci ¢ to 2D imagedata,
which posesvery differentchallengeshan3D scans.

3. Mark ov Random Fields

We restrictour attentionto Markov networks(or random

de ned by anundirectedgraph(V; E) over the nodescor-
respondingo the variables.In our task,the variablescor
respondo the scanpointsin the scene andtheir valuesto
their label,which canincludedifferentobjecttypesaswell
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Figure 1. a) The robot and a portion of a 3D scan range map of Stanford University. b) Scan seg-

mentation results obtained with SVM, Voted-SVM and AMN predictions.

trees/green, shrubs/b lue, ground/gray).

ashbackground.For simplicity of exposition,we focusour
discussiorto pairwise Markov networks, wherenodesand
edgesareassociateavith potentials ; (Y;) and j (Yi;Y;j),

ij 2 E(i <j).Inourtask,edgesareassociatedvith links

betweerpointsin the scan,correspondingo physicalprox-
imity; theseedgessene to correlatethe labelsof nearby
points. A node potential j(Y;) speci es a non-ngative
numberfor eachvalue of the variableY;. Similarly, an
edgepotentialspeci es non-neative numberfor eachpair
of valuesof Y;; Y; . Intuitively, a nodepotentialsencodes
point's“individual” preferencdor differentlabels,whereas
the edgepotentialsencodethe interactionsbetweenlabels
of relatedpoints. Thejoint distribution speci ed by thenet-
work is

1 W Y
Py)=~> i (Vi) i (Yi3Yi);
i=1 ij 2E

wher@ Z is thebpartition function given by Zz =

o itr 100 i i WYY,  The maximum a-
posteriori (MAP) inferenceproblemin a Markov network
isto nd argmax, P (y).

We further restrict our attentionto an important sub-
class of networks, called associativeMarkov networks
(AMNSs) [21] that allow effective inferenceusing graph-
cuts[8, 13]. Theseassociatie potentialsgeneralizethe
Pottsmodel[16], rewardinginstantiationsvhereadjacent
nodeshave the samelabel. Speci cally, we require that

i (k)= ¥,where ¥ 1and j (k;l)= 1; 8k 6 I.

We formulatethe nodeand edgepotentialsin termsof

(Color legend: buildings/red,

thefeaturesof the objectsx; 2 IR% andfeatureof there-
lationshipsbetweerthemx;; 2 IR% . In 3D rangedata,the
Xi mightbethespinimageor spatialoccupang histograms
of a pointi, while the x; might include the distancebe-
tweenpointsi andj, the dot-productof their normals,etc.
The simplestmodelof dependencef the potentialson the
featuresis log-linear combination: log (k) = wk x;
andlog j (k;k) = wX x; , wherew¥ andw¥ arelabel-
speci c row vectorsof nodeandedgeparametersf sized,
andde, respectrely. Notethatthisformulationassumeshat
all of thenodesn thenetwork sharehesamesetof weights,
andsimilarly all of the edgessharethe sameweights. Stat-
ing the AMN restrictionsin termsof the parametersv, we
requirethatwX x; 0. Toensurghatwk x; 0, we
simply assumehatx;; 0, andconstrainwX 0.

The MAP problemfor AMNs canbe solved ef ciently
using a min-cut algorithm. In the caseof binary labels
(K = 2), the min-cut procedureis guaranteedo return
the optimal MAP. For K > 2, the MAP problemis NP-
hard,but a procedureproposedy Boykov etal. [1], which
augmentshe min-cutalgorithmwith aniterative procedure
called alpha-expansion guarantees factor 2 approxima-
tion of the optimalsolution.

An alternatve approachto solving the MAP inference
problemis basedon formulating the problemas an inte-
ger program,and then using a linear programmingrelax-
ation[2, 12]. This approachis slower in practicethanthe
iteratedmin-cut approach but hasthe sameperformance
guaranteef?1]. Importantlyfor our purposesit formsthe



basisfor ourlearningprocedure.
Werepresenanassignmeny asasetof K N indicators
fykg, whereyX = 1(y; = k). With thesede nitions, the
log of conditionalprobabilitylog Py, (y j X) is givenby:
(Wi xi)yK+ (W& xi )Yy logZuw (x):
i=1 k=1 ij 2E k=1
Note that the partition function Z,, (x) above dependson
theparametersv andinputfeaturesx, but notonthelabels
yi's. Hencethe MAP objectiveis quadratian y.
For compactnes®f notation, we de ne the node and

edgeweight vectorsw, = (wi;:::;;wK) andwe =
(wl;:::;wK), andletw = (wp;we) beavectorof all the
weights,of sized = K (d, + dg). Also, we de ne thenode
andedgelabelsvectorsy, = (:::;yt; i yK;:::)” and

vectorof all labelsy = (yn;ye) of sizeL = K (N + jEj).
Finally, we de ne anappropriated L matrixX suchthat

logPy (Y j X) = wXy  logZy (X):
Thematrix X containghenodefeaturevectorsx; andedge
featurevectorsx;; repeatednultiple times (for eachlabel
k), andpaddedwith zerosappropriately

The linear programmingformulationof the MAP prob-
lem for thesenetworkscanbewritten as:

Wk xj)yf (D)
ij 2E k=1
yk=1, 8i;

max Wy xi)yf +
i=1 k=1
st: y& 0 8ik;
k
vivS vy 8 2Ek:
Note that we substitutethe quadratictermsyXy* by vari-
ablesy} by using two linear constraintsy yk and
y¥ Y. This works becausehe coefcient w§ x; is
non-neyativeandwe aremaximizingthe objective function.
Henceyf = min(yf;y¥) atthe optimum,whichis equi-
alentto yk = ykyk if yK;yk 2 £0;1g. In thebinary case,
the linear programEgqg. (1) is guaranteedo producean in-
tegersolution(optimalassignmentyvhena uniquesolution
exists[21]. For K > 2, the LP may producefractionalso-
lutions which are guaranteedo be within at mosta factor
of 2 of theoptimal.

4. Maximum margin estimation

We now considerthe problemof training the weights
w of a Markov network given a labeledtraining instance
(x;%). For simplicity of exposition, we assumethat we
have only a single training instance;the extensionto the
caseof multiple instancess entirely straightforvard. Note
that,in our setting,a singletraininginstancds not a single
point, but anentirescenethatcontainstensof thousandsf
points.

The standardapproachof learninga conditionalmodel
w given (x;¥) is to maximizethe logPy, (¥ j X), with
anadditionalregularizationterm,which is usuallytakento
be the squared-nornof the weightsw [15]. An alterna-
tive method,recentlyproposedoy Taskaret al. [22], is to
maximizethe maigin of con dencein thetruelabelassign-
menty over ary otherassignmeny 6 ¥. They show that
the mamgin-maximizationcriterion providessigni cant im-
provementsn accurag overarangeof problems It alsoal-
lows high-dimensiondfeaturespaceso beutilized by using
the kerneltrick, asin supportvectormachines.The maxi-
mummamgin Markov network (M3N) framework formsthe
basisfor ourwork, sowe begin by reviewing this approach.

As in supportvectormachinesthe goalin anM3N is to
maximizeour con dencein thetruelabelsy relative to ary
otherpossiblejoint labelingy. Speci cally, we de ne the
gainof thetruelabelsy overanothefoint labelingy as:

logPy (9 jx) logPy(y jx) = wX(§ v):

In M3Ns, the desiredgain dependson the numberof mis-
classi ed labelsin y, “(%;y), by scalinglinearly with it:

wxX (9 y) () diwiit L
Note that the numberof incorrectnodelabels™ (§;y) can
alsobewrittenasN  $7y,. (Wheneery; andy; agree
onsomelabelk, we have thatg¥ = 1 andy* = 1, adding
1to¥; yn.) By dividing throughby andaddinga slack
variablefor non-separabldata,we obtaina quadraticpro-
gram(QP)with exponentiallymary constraints:

max sit:

min %jjwjj2 + C 2)
st wX(9 y) N 9iyn

This QP hasa constraintfor every possiblejoint assign-
menty to the Markov network variables,resultingin an
exponentially-sized)P.

As our rst step,we replacethe exponentialsetof linear
constraintsn themax-magin QP of Eq. (2) with thesingle
equivalentnon-linearconstraint:

wXy N+

; 8y 2Y:

max wxXy 9ayn: (3)
y2Y

This non-linearconstraintessentiallyrequiresthat we nd
the assignmeny to the network variableswhich hasthe
highestprobability relative to the parameterizatiomvX

97 . Thus, optimizing the max-magin QP containsthe
MAP inferencetaskasacomponent.

The LP relaxationof Eq. (1) providesuswith precisely
the necessanpuilding block to provide an effective solu-
tion for Eq. (3). The MAP problemis preciselythe max
subproblenin this QR In the caseof AMNSs, this maxsub-
problemcanbereplacedwith the LP of Eq. (1). In effect,
wearereplacingheexponentiakonstrainset— onewhich
includesa constraintfor every discretey, with anin nite



constraintset— onewhich includesa constrair]g‘or every
continuousvectory in YO = fy :yk 0, |, yKk =
Lyl ¥y yE  yKg asde nedin Eq.(1).

After substitutingthe (dual of the) MAP LP into Eq. (3)
andsomealgebraiananipulation(see[21]), we obtain:

X
st: wX9y N+ i We O
X i=1
| Coowkoxi 9l sk
iiij i2E
5‘* Jki wE X ; :f Jki 0; 8ij 2 Ek:

Above, we alsoaddedthe constraintw ¢
itivity of the edgelog-potentials.

ForK = 2,theMAP LP is exact,sothatEq. (4) learns
exact max-magin weightsfor Markov networks of arbi-
trary topology For K > 2, the linear relaxationleads
to a strengtheningof the constraintson w by potentially
addingconstraintorrespondingo fractionalassignments
y. Thus,theoptimalchoicew; for theoriginalQPmayno
longerbefeasible leadingto a differentchoiceof weights.
However, asourexperimentshaow, theseweightstendto do
well in practice.

Thedualof Eq.(4) is givenby:

0 to ensurepos-

XX o L XN . )
max @ %) 3 Xi (CY i)
i=1 k=1 k=1 =1
2
1 X 0, X K k
E + Xij (Cyu ij )
k=1 ij 26
st: K 0 8ik; k=c; 8i;
k
£ o0 K K k& o8 2EK
kK 0;8k:
Theprimal anddualsolutionarerelatedby:
A S1(S (5)
i=1
wg =+ X (Cyf ) (6)

ij 2E
Oneimportantconsequencef theserelationshipgs thatthe
nodeparametersre all supportvectorexpansions. Thus,
thetermsin the constraintf the form w, x canall be ex-
pandedn termsof dot productsx;” x;; similarly, the objec-
tive (jjwjj?) canbe expandedsimilarly. Therefore we can
usekernelsk (x;;x;) to de ne nodeparametersUnfortu-
nately the positivity constrainton the edgepotentials,and
theresulting * dualvariablein the expansionof the edge
weight, preventthe edgeparameterérom beingkernelized
in asimilarway.

5. Experimental results

We validated our scanseggmentationalgorithm by ex-
perimentingon two real-world and one syntheticdatasets,
which differedin both the type of 3D scannersed,and
thetypesof objectspresenin the scene We describesach
setof experimentsseparatelybelon. We comparethe per
formanceof our methodto thatof supportvectormachines
(SVMs), a state-of-the-artclassi cation method known
to work well in high-dimensionakpaces. The webpage
http://ai.stanford.edu/"drago/Projects/Dete ctor/
containsadditionalresults,includinga y-through movie.

Terrain classi cation. Terrain classi cationis useful for
autonomousmobile robots in tasks such as path plan-
ning, target detection,and as a pre-processingstep for
other perceptualtasks. The Stanford Segbot Project
(nttp://robots.stanford.edu/ ) has provided us with a
laserrangecampusnapcollectedby arobotequippedwith
a SICK2laserscannefseeFig. 1). Therobotdrove around
acampuservironmentandacquiredaround35 million scan
readings Eachreadingwasapointin 3D spacerepresented
by its coordinatesn anabsoluteframeof referencewhich
wasfairly noisydueto sensomoiseandlocalizationerrors.

Our taskis to classify the laserrangepointsinto four
classesground, building, tree, and shrubbery. Classifying
ground pointsis trivial given their absolutez-coordinate;
we do it by thresholdingthe z coordinateat a value close
to 0. After this, we areleft with approximately?0 million
non-groundpoints. Eachpoint is representedimply asa
locationin anabsolute3D coordinatesystem.Thefeatures
we userequirepre-processingo infer propertiesof the lo-
cal neighborhoodf a point, suchashow planarthe neigh-
borhoodis, or how muchof the neighborsare closeto the
ground.We usefeatureghatareinvariantto rotationin the
x-y plane,aswell asthe densityof the rangescan,since
scangendto be sparsein regionsfartherfrom therobot.

Our rst type of featureis basedon the principal plane
aroundeachpoint. To computeit, we samplel00 pointsin
a cubeof radius0:5 meters. We run PCA on thesepoints
to getthe plane,spannedy the rst two principalcompo-
nents.We thenpartitionthecubeinto3 3 3binsaround
the point, orientedwith respecto the principal plane,and
computethe percentag®f pointslying in the varioussub-
cubes.Thesepercentagesapturethelocal distribution well
andareespeciallyusefulin nding planes.Oursecondype
of featureis basedn a columnaroundeachpoint. We take
a cylinder of radius0:25 meters,which extendsvertically
to includeall the pointsin a “column”. We thencompute
whatpercentagef the pointslie in varioussggmentsof this
column(e.g.,between2m and2.5m). Finally, we alsouse
an indicator featureof whethera point lies within 2m of
the ground. This featureis especiallyusefulin classifying
shrubbery
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Figure 2. Segmentation results on the puppet dataset. a) Training set instance b) AMN segmentation
result c) SVM segmentation result d) Result obtained by using the node weights learned by the AMN,

and ignoring the MRF edges e) - h) Segmentation

results on other testing set instances. (Color

legend: head/green, torso/dark blue, limbs/red, background/gray).

For training we selectroughly 30 thousandpoints that
representhe classeswell: a sggmentof a wall, a tree,
somebushesWe consideredhreedifferentmodels:SVM,
Voted-SVM andAMNSs. All methodsusethe samesetof
featuresaugmentedvith a quadratickernel.

The rst model is a multi-class SVM. This model
(Fig. 1(b), right panel)achiesesreasonabl@erformancen
mary places,but fails to enforcelocal consisteng of the
classi cationpredictions.For examplearcheson buildings
andotherlessplanarregionsare consistentlyconfusedfor
trees,even thoughthey are surroundedentirely by build-
ings. We improveduponthe SVM by smoothingts predic-
tions usingvoting. For eachpoint we took its local neigh-
borhoodandassignedhe point the label of the majority of
its 100 neighbors.The Voted-SVM model(Fig. 1(b), mid-
dlepanel)performsslightly betterthanSVM, yetit still fails
in areadike archesof buildings wherethe SVM classi er
hasalocally consistentvrongprediction.

The nal modelis a pairwiseAMN. Eachpointis con-
nectedto 6 of its neighbors: 3 of them are sampledran-
domly from the local neighborhoodn a sphereof radius
0:5m, andthe other3 aresampledat randomfrom the ver
tical cylinder columnof radius0:25m. It is importantto en-
surevertical consisteng sincethe SVM classi er is wrong
in areaghatarehigheroff the ground(dueto the decrease
in point density)or becausebjectstendto look different
aswe vary their z-coordinatgfor example,treetrunksand
tree crowns look different). While we experimentedwith
avariety of edgefeatureswe foundthatevenusingonly a
constanfeatureperformswell.

We trainedthe AMN modelusing CPLEX to solve the
guadratigorogramihetrainingtookaboutanhouronaPen-
tium 3 desktop. For inference we usedmin-cutcombined
with the alpha-epansionalgorithm of Boykov et al. de-
scribedabore [1]. We split upthedatasetnto 16 squarg(in
the xy-plane)regions,the largestof which containsaround
3:5 million points. The implementationis largely domi-
natedby I/O time, with the actualmin-cuttaking lessthan
aminuteevenfor thelargestsggment.

We canseethat the predictionsof the AMN (Fig. 1 b),
left panel)aremuchsmootherfor examplebuilding arches
and tree trunks are predictedcorrectly We hand-labeled
around180 thousandpoints of the test setand computed
accuracie®f the predictiongexcludingground,whichwas
classi edby pre-processing)Thedifferencesaredramatic:
SVM: 68%,Voted-SVM: 73%andAMN: 93%.

Segmentationof articulated objects. We alsotestedour
scansggmentationalgorithm on a challengingdatasetof
cluttered scenescontaining articulated wooden puppets.
The datasetwas acquiredby a scanningsystembasedon
temporaktered4]. Thesystenconsistoftwo camerasand
aprojector andoutputsatriangulatedsurfaceonly in thear
easthatarevisible to all threedevicessimultaneouslyThe
datasetontainselevendifferentsingle-viav scansof three
puppetsof differentsizesandin differentpositions.It also
containsclutter and occludingobjectssuchasrope, sticks
andrings. Eachscanhasaround225; 000points,which we
subsampledo around7; 000 with standardsoftware. Our
goal wasto segmentthe scenesnto 4 classes— puppet



AMN

SVM

a) b)

Figure 3. Segmentation of vehicles (cars, trucks, suvs) from the background in synthetic

C) d)

rang e

scans from the Princeton dataset. The AMN performs reasonab ly well on most of the testing scenes,

as demonstrated in scenes a), b), and c).

However, it sometimes fails to detect the vehicles in

challenging scenes such as d). (Color legend: vehicles/green, background/pink).

head, limbs, torso andbackground. Five of the scenes
compriseour training set,andthe restare keptfor testing.
A samplescanfrom thetrainingsetis shavn in Fig. 2a.

To sgmentarticulatedobjects,it is desirableto have an
approachwhich is independenbdf global orientationalto-
gether andwhich discriminateshasedon shapealone. We
usedspin-image$11] aslocal pointfeatures We computed
spin-image®f sizel0 5 binsattwo differentresolutions.
We scaledthe spin-imagevalues,and performedPCA to
obtain45 principalcomponentsyhich comprisedur point
features. We usethe surfacelinks output by the scanner
asedgesn the MRF. Again, we experimentedvith several
differentedgefeaturesput we got the bestperformancey
usinga constanfeaturefor eachedge.

Becausef clutterandocclusionin thescenespur AMN
framavork achieves the best generalizationperformance
when we keepthe scopeof the spin-imagesathersmall
(comparableo the size of the puppets head). Our scan
segmentationalgorithm performedvery well by classify-
ing 94.4% of the testingset points accurately translating
into 83.9%recall and 86.8% precisionon the task of de-
tectingpuppetpartsversusbackgroundOverall, ourresults
(seeFig. 2e—h)shawv that AMNs can detectpuppetparts
with a fairly high degreeof accurag, evenunderocclusion
andclutter The mainsourceof classi cationerrorwasthe
smallpuppetwhich appear®nly in thetestingset.

By comparisonthe SVM methodappliedto the same
point featuresperformsremarkablypoorly (seeFig. 2c).
Theclassi cationaccurag onthetestingsetis 87.16%but
thatis becauseahat the majority of pointsare classi ed as

background;indeed, overall the SVM approachachieves
93% precisionbut only 18.6% recall on the task of sey-
menting puppetparts againstbackground. The poor per
formanceis causedy therelatively small spin-imagesize
which makesthe algorithm more robust underclutter and
occlusion,but at the sametime makesit hardto discrimi-
natebetweerlocally similar shapesThe datasehassignif-
icantshapeambiguity asit is very easyto confusesticksfor
limbs,andthetorsofor partsof thecomputemouseappear
ing in thetestingset.We tried to obtainafairercomparison
by changingthe spin-imagesizeto accommodatthe SVM
algorithm. Theresultswerestill signi cantly worse.

To understandhe reasonunderlyingthe superiorper
formanceof the AMN, we rana at classi er with node
weightstrainedfor the AMN model. The result, shavn
in Fig. 2d, suggestshatour algorithmhasanadditionalde-
greeof e xibility — it cancommitalot of errorslocally, but
rely onthe edgestructureto eliminatethe errorsin the nal
result. This resultdemonstratethatour approactwould be
superiorto a stratgy which trains the edgeand the node
parameterseparately

Princeton benchmark. The nal testof our systemwas
performedusingasetof arti cially generate@dcenesywhich
containdifferenttypesof vehicles,trees,housesandthe
ground. Models of the objectsin thesesceneswere ob-
tainedfrom the PrincetonShapeBenchmarK20], andwere
combinedin variouswaysto constructhetrainingandtest
scenesFromtheseasetof syntheticcangescansveregen-
eratedby placinga virtual sensoiinsidethe scene We cor-



ruptedthe "sensor’readingswith additive white noise. We
thentriangulatedheresultingpoint cloud,andsubsampled
it down to our desiredresolution.

We trainedboth the SVM andthe AMN approacheso
distinguishvehiclesrom otherobjectsandbackgroundWe
usedexactly thesamenodeandedgefeaturesasin the pup-
petdatasetwith the spinimagesizeappropriatelyadjusted.
The results,shavn in Fig. 3, demonstrateagainthat our
methodoutperformghe SVM method.In generalthe AMN
methodlabelsmostof the pointson the vehiclescorrectly
Occasionallythe AMN methodlabelsa at partof avehi-
cle asbackgroundbecausén this areathefeaturesarein-
distinguishabldrom a wall, andthe edgepotentialsarenot
strongenoughto overcomethis (seeFig. 3a). Therearealso
casedn which the AMN methodfails, asin Fig. 3d where
we fail to detectthetwo carsunderdenseoliage. By com-
parisonthe SVM methodis only ableto labelvehicleparts
with signi cant curvature,as at areasarelocally to similar
to background.The AMN methodthus providesa signi -
cantgain, producinga 93.76%overall accurag, compared
to only 82.23%for the SVM approach.

6. Conclusions

We presenanMRF-basednethodfor detectiorandsey-
mentationof complex objectsand objectclassedrom 3D
rangedata. Our approachhasa numberof attractive the-
oreticalandpracticalproperties.By constrainingthe class
of MRFsto be solvableby graph-cutspur modelsareef -
ciently learnedusinga compactquadraticprogram,and at
run-time,scaleup to tensof millions of pointsandmultiple
object classes. The proposedearning formulation effec-
tively anddirectly learnsto exploit a large setof complex
surfaceandvolumetricfeatureswhile balancingthe spatial
coherencenodeledby the MRF.

There are several interestingdirectionsin which our

work canbe extended that addresghe main limitation of
our work: its relianceon local featuresto distinguishob-
jects. First, asour formulationis basedon the max-magin
framawvork underlying SVMs, we can easily incorporate
kernelsin orderto further boostthe expressie power of
the models. We are currently developing appropriatespa-
tial kernels. More importantly our methodrelies heavily
on the existenceof distinguishinglocal surfacefeaturesof
objects. Sincewe do not model object parts and spatial
relationsbetweenthem, our methodis effective at differ-
entiatingbetweemmostly homogeneousbjects(for exam-
ple, trees,buildings, limbs), which do not have mary parts
that“look” similar locally. For example,it would be dif-
cult to differentiatebetweencar types,suchassedanvs.
coup,which look alike exceptfor the reardoor/trunk. The
challengeof incorporatinghe object/parhierarchyinto the
learningframework is a subjectof our futurework.
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